Due to the rise of communication technologies and economic globalization, modern large cities are becoming more and more interconnected and this phenomenon leads to an increasing synchronization in activities and communication patterns. In our work, we explore the communication synchronization between 76 Italian cities of different sizes by using mobile phone data. Our results show that both the spatial distance and the size of the city influence the synchronization: larger cities are more similar to larger cities in communication rhythms than medium cities are to medium cities, and medium cities are more similar to medium cities than smaller cities are to smaller cities. Furthermore, for all the cities' sizes we observe a drift in similarity due to spatial distance. Interestingly, the drift due to distance over similarity is less strong in large cities, that act as gateway nodes for the Italian economical system, hence having an emerging strongly connected and synchronized network, than for medium and small cities, that are more bounded to local industries. Finally, our results also show that highly synchronized cities are richer and more attractive for foreign-born population.
Introduction
Synchronization is a spontaneous process that emerges in many domains in nature [1] , from neurons [2] , trees [3] , animals [4] , and up to human beings [5] [6] [7] .
Nowadays, modern large cities are becoming more and more interconnected [8] and this phenomenon leads to an increasing communication and activities' synchronization, as observed in Morales et al. [9] . Recent urban sociology literature [10, 11] has investigated the synchronization due to globalization, where large companies tend to spread their headquarters are in different cities and countries. This literature [10, 11] has also introduced the concept of gateway cities, namely central nodes for all the communication and economical activities, and for the people flows from and to the region where the city is located.
In our work, we explore the communication synchronization between 76 Italian cities of different sizes by using mobile phone data (i.e., Call Detail Records) and investigate if and which Italian cities act as gateway cites. We also explored how the synchronization between couples of cities changes depending on the size of the city and the spatial distance between them. We found that both spatial distance and city size influence the synchronization: larger cities are more similar to larger cities in communication rhythms than medium cities are to medium cities, and medium cities are more similar to medium cities than smaller cities are to smaller cities. Moreover, for all the cities' sizes we observed a drift in similarity due to spatial distance. In addition, we have also investigated if cities with a higher average synchronization tend to be richer and to attract more people from other places. Our results show that highly synchronized cities have a higher percentage of foreign-born population and higher levels of average yearly income per tax payer.
The remainder of the paper is structured as follows: in Sect. 2 we describe the mobile phone data and the socio-economic indicators (Sect. 2.1), we introduce the Dynamic Time Warping distance algorithm (Sect. 2.2) that we use for computing the synchronization among the communication activity timeseries of our cities, and finally we describe the bootstrap resampling procedure used (Sect. 2.3). In Sect. 3 we present our results on communication synchronization and on the influence played by the city size and the spatial distances as well as the associations between the synchronization of calling patterns of a city and the city's socio-economic indicators. Moreover, in Sect. 4 we discuss the obtained results with regard to the urban sociology literature and expose the limitations of our approach. Finally, in Sect. 5 we draw our conclusions.
Materials and methods

Data description
Our dataset consists of 24 consecutive days (18 weekdays and 6 weekend days) of Call Detail Records (CDRs) data, inclusive of 11,4B outgoing mobile calls of TIM, one of the major Italian telecommunication companies (30.8% of market share in Italy a ).
CDRs are collected for billing purposes by mobile network operators: more specifically, a CDR record of the user is created every time a phone interacts with the network, recording (i) the type of the event (incoming/outgoing call, transmission of a text message, consumption of a certain amount of data traffic), (ii) the pseudonym of the users involved (the one producing traffic and, eventually, e.g., in case of voice traffic, the other party involved), (iii) the timestamp of the event, and (iv) the cell network's antenna accessed for the event (i.e., to which the caller's phone was connected), that, to a wider extent, represents the location of the user [12, 13] .
The CDRs of our dataset are limited to voice traffic and have been provided by TIM after some pre-processing steps. First of all, CDRs have been enriched with demographic data from the Customer Relations Management, in order to be able to represent users in terms of gender and age ranges. CDRs have then been filtered at 99% percentile on number of daily calls per user, in order to remove edge cases that are not representative of the general population (e.g., call centers). In particular, if the number of calls for a user during a day exceeds the threshold, all the CDRs associated with that user for that day are removed from the dataset. Finally, data have been aggregated by city, hour, gender and age-range, getting rid of the identities (even if already pseudoanonimized) of users. Thus, for each city and hour, the dataset contains: (i) the number of outgoing calls divided by gender, (ii) the number of outgoing calls divided by age range, and (iii) the total number of outgoing calls.
Regarding the identification of our cities, we have adopted the definition developed, in 2012, jointly by the European Commission and the Organization for Economic Cooperation and Development (OECD) [14] : a city is a local administrative unit (LAU) where the majority of the population lives in an urban centre of at least 50 000 inhabitants. The definition provides also a division of European cities into 6 size classes: S, M, L, XL, XXL and Global City. We have considered 76 Italian cities that fall into the OECD definition and group them in Small (S), Medium (M), Large (L, XL, XXL) ones. Notice that no city in Italy can be categorized, according to OECD definition, as Global City, since no Italian city has more than 5 million inhabitants.
Hence 
.
It is worth highlighting that we are considering the percentage of calls over the day for each hour and city. Thus, we can compare different cities independently of the absolute number of outgoing calls. Finally, we identify the following socio-economic indicators to investigate the economic role (i.e., city's wealth), the attractiveness for foreigners (e.g., immigrants), and the incoming and outgoing commuting patterns of the highly synchronized Italian cities:
• Resident population: The absolute number of the resident population in a city. • In-out commuters ratio: The ratio between commuters moving to a city X for work or study reasons and commuters moving from a city X for work or study reasons.
c • Incoming commuter ratio:
The ratio between commuters moving to a city X for work or study reasons and the resident population of that city.
c • Outgoing commuter ratio:
The ratio between commuters moving out from a city X for work or study reasons and the resident population of that city. 
Dynamic time warping
In order to compute the synchronization between the activity patterns of each pair of our cities, we have used the Dynamic Time Warping (DTW) distance algorithm [15] . DTW has been extensively adopted in speech recognition [16] , computer vision [17, 18] , natural language processing [19, 20] , and image matching and handwritten recognition [21] as a measure of similarity between timeseries. The algorithm provides an estimate of the optimal match between two timeseries, including possible compression, expansion or lags in sections of the sequences. For example, DTW can capture similarities in walking activities, even if an individual is walking faster than the other. Thus, DTW can remove the lag due to the circadian rhythms characterizing our timeseries [22, 23] . For this reason, it provides a more correct notion of similarity between cities' activity patterns than an approach based on sliding-window correlation [24] .
More specifically, assuming two timeseries X = (x 1 , . . . , x M ) and Y = (y 1 , . . . , y N ) a DTW path P = (p 1 , . . . , p K ) is a sequence of tuples of indices where
is subject to the following constraints:
. Given a distance function d (e.g., Euclidean distance), the cost of a path c p is defined as
The DTW distance between X and Y is hence defined as the cost of the wrapping path p having minimal total cost among all the possible wrapping paths.
By considering the activity pattern timeseries associated with the activity level of a city, we have obtained the DTW distance between the timeseries of all the couples of cities for a given day. Hence, the higher the DTW distance between a couple of cities, the lower the synchronization of their activity pattern timeseries. Moreover, we have computed the mean and variance of the DTW distances, during weekdays and weekends, for each couple of cities. Mean and variance are estimated by using the jackknife resampling procedure [25] .
In order to investigate the association between the DTW distances and the socioeconomic indicators listed in Sect. 2.1, for each city we have considered the average of the means previously computed using the jacknife resampling method. Then, we have computed the variance-weighted average of the DTW distances for each city by using the inverse-variance weighting procedure [26] . This method permits aggregation of two or more random variables (i.e., DTW distances) to minimize the variance of the weighted average.
Finally, for each city the variance-weighted average of the DTW distances is associated to each of the socio-economic indicators by means of Spearman bivariate correlations. The Spearman bivariate correlation measures the strength and direction of the association between two variables. Specifically, the Spearman coefficient is a number between -1 and +1, where -1 means perfect negative correlation, +1 indicates perfect positive correlation and 0 indicates no correlation.
Bootstrap procedure
To obtain an accurate estimation of the variance of the parameters of our fits, we performed a bootstrap procedure. Bootstrap resampling method is a widely used technique to infer properties of an estimator by sampling the original data repeatedly. As such, we have performed a group bootstrap by extracting a city and adding to our bootstrap sample all the couples containing the extracted city. This procedure guarantees to preserve, at each bootstrap iteration, all the correlations that a city has with other cities, since no couples that include the selected city are left out. Our bootstrap procedure follows three steps:
(i) For each group of n cities of the same size (Large, Medium and Small) extract n cities with replacement; (ii) Create the dataset with couples of cities for the bootstrap iteration using all the possible combinations of extracted cities (excluding the couples with the same city); (iii) Perform a Weighted Least-Square Regression (WLS) using as weights the variance previously computed using the jackknife sampling method.
For each bootstrap iteration we implement a Weighted Least-Square Regression and collect the values of the slope m and the intercept q of the fit. Finally, obtained results were evaluated by performing a T-test to asses whether the slope differs from zero.
Results
The activity level of a city is the result of the combined behavioural patterns of different agents (i.e., individuals) and external constraints such as working schedules, school timetables or vacations. Such activity is mirrored by the number of calls placed in a city during a day: therefore, we have considered the percentage of outgoing calls per hour in each city (city's activity timeseries) as a proxy of the activity level of the city over time.
Our sample equally represents cities of classes Medium and Small, while we have less Large cities. Moreover, the cities we have considered are evenly spread across all regions of Italy, as can be seen in Fig. 1(a) . Interestingly, by examining the activity timeseries associated with North, Center and South of Italy (see Fig. 1(b) ), a similar pattern emerges for North and Center while South is characterized by a shift in the drop during lunchtime. For this reason, we have used DTW distance to compute the synchronization between cities' activity timeseries. Indeed, DTW distance removes the influence of the observed lags due to circadian rhythms (see Sect. 2.2).
In Fig. 2 , each cell of the heatmap represents the mean value over weekdays of the DTW distance between two cities. The cities on both axes are ordered by total volume of calls from lowest (top left corner) to highest (bottom right corner). Two emerging clusters can be observed: one at the top right corner, where smaller cities with lower call volume are located, tends to have larger average distance between the communication activity timeseries; the other one can be observed in the bottom right corner, where large cities (with higher call volume) tend to have smaller mean DTW distance. The mean value of the DTW distance roughly increases when the volume of calls for a city decreases (i.e., it roughly scales with the size of the city): thus, the mean DTW distance for medium call volume cities is lower than the one for smaller cities, but higher than the DTW distance for larger cities. As previously said, we have performed a bootstrap for cities of the same size (Large, Medium and Small) and a WLS is fitted using the mean and the variance of the DTW distance between cities' activity pattern timeseries. As seen in Fig. 2 , DTW distance roughly decreases when the number of outgoing calls increases and we can roughly divide the cities into three clusters based on DTW distance. Remarkably, this relationship still holds when considering the division of Italian cities into three size classes (Large, Medium and Small) according to OECD definition (see Sect. 2.1 for details). Cities of the same size appear to be more similar: two large cities (such as Turin and Milan) are more similar than two medium cities (such as Padua and Modena), and medium cities are more similar than small cities.
As we can see in Fig. 3 , the similarity decreases with the increase of the distance between cities in a consistent way for all classes (see Table 1 for a complete report of the computed statistical measures) and the 95% confidence intervals for all classes are mostly not overlapping. Two large cities that are close to each other such as Milan and Turin are more similar than more distant large cities such as Milan and Rome. However, the similarity between large cities is higher than the similarity between medium cities, independently of the distance, i.e. Milan and Rome (two distant large cities) are more similar than Padua and Modena (two medium cities that are closer). The same relationship holds for medium and small cities: two medium cities are more similar to each other than two small cities, and the similarity decreases when spatial distance between cities increases.
In Fig. 4 , during weekends, we can observe a similar pattern as for weekdays (see Table 2 for a complete report of the computed statistical measures). In particular, the ordering of the cities' classes is consistent with weekdays and the drift due to distance in the similarity is still visible, although confidence intervals are not as clearly separated as the weekdays' ones in Fig. 3 . Table 3 reports the Spearman correlation scores between the varianceweighted average of the DTW distances and several socio-economic indicators characterizing (i) the size of a city (i.e., resident population and population density), (ii) the city's attractiveness for foreigners and immigrants (i.e., foreign-born population and percentage of foreigners per resident population), (iii) the city's wealth (i.e., yearly average income per tax payer), and (iv) the outgoing and incoming commuting patterns. Our results show that the variance-weighted average of the DTW distances is negatively associated with the absolute number of resident population (Spearman's ρ = -0.614 * * * ) and the population density (Spearman's ρ = -0.477 * * * ) as well as with the absolute number of foreign-born population (Spearman's ρ = -0.653 * * * ) and the foreign percentage (Spearman's ρ = -0.409 * * * ). Thus, more synchronized cities seem to be both more populated and more attractive for foreigners (i.e., tourists, immigrants). Interestingly, the variance- Table 3 Spearman correlation between the variance-weighted average of the DTW distances and (i) resident population (absolute number), (ii) foreign population (absolute number), (iii) population density, (iv) percentage of foreigners per resident population, (v) yearly average income per tax payer, (vi) ratio between commuters coming to a city and commuters leaving a city, (vii) percentage of incoming commuters per resident population, and (viii) percentage of outgoing commuters per resident population (p ≤ 0.05: * , p ≤ 0.01: * * , p ≤ 0.001: * * * ) DTW variance-weighted avg.
Resident population -0.614 * * * Foreign population -0.653 * * * Population density -0.477 * * * Foreign percentage -0.409 * * * Average income -0.349 * * In-out commuters ratio -0.038 Incoming commuter ratio -0.087 Outgoing commuter ratio -0.236 * weighted average of the DTW distances also correlates negatively with yearly average income per tax payer (Spearman's ρ = -0.349 * * ), showing a relationship between more synchronized cities and the rich ones. We have also investigated the effect of activity timeseries synchronization on the commuting (incoming and outgoing) patterns of each city. As shown again in Table 3 , we have not found significant correlations, with the exception of a slightly significant negative association (Spearman's ρ = -0.236 * ) between the varianceweighted average of the DTW distances and the outgoing commuters' ratio (computed as the ratio between the number of outgoing commuters and the number of incoming + outgoing commuters). We have also tested the correlation between the mean DTW distance and the spatial distance for each couple of cities. Our results (Spearman's ρ = 0.205 * * * ) show that the increasing spatial distance is associated with a lower communication synchronization. Hence, it seems that regional economies are playing a role in the communication synchronization of our cities. Finally, in Table 4 we report the 20 cities with the lowest variance-weighted average of the DTW distances, namely the cities with higher level of activity timeseries synchronization. Interestingly, Rome appears as the most synchronized city in Italy (mean DTW distance = 0.168) and this may be explained by a mixture of several factors such as its political and economic role (i.e., Rome is the national capital and the second wealthiest city in Italy), its size (i.e., Rome is the most populated city in Italy), and its attractiveness for foreigners (i.e., tourists). Other cities showing high degree of activity timeseries' synchronization are important cities for the maritime trade routes (i.e., Trieste and Genoa are the major Italian seaports for trade of goods and flows of people). Again, relevant touristic cities, such as Florence, Rimini, Ravenna, Venice, Verona, Milan are among the ones with higher levels of activity timeseries' synchronization. Finally, it is worth noting that only one city (Palermo) located in the South of Italy appears in the list of the 20 most synchronized ones.
Discussion
Cities' synchronization and similarity using mobile phone and social media (i.e., Twitter) data has been recently investigated in [27] and in [9] . In Grauwin et al. [27] , three global cities (New York, London and Hong Kong) are studied by means of mobile phone usage patterns. The paper shows that these three large cities, despite the distance, have compa- rable and common usage patterns, especially in the core business districts of the cities. In Morales et al. [9] , an analysis of the synchronization of large world cities is presented using Twitter data. In this work, a cluster of similar large cities (Middle Eastern, European and African cities) is detected. Our results, based on CDR data for 76 Italian cities, provide some evidence in support of these findings, at least for a subset of European cities (Italian large cities), by considering only the DTW distance. Indeed, we can observe, based on the outgoing calls' similarity patterns, an emerging cluster of similar Italian large cities (see Fig. 2 ). We further investigated the city's similarity and synchronization concept, by considering different scales of cities (Large, Medium and Small) and exploring how distance influences similarity between cities. After removing the effects of circadian rhythms by using DTW as timeseries distance measurement, we have analyzed the effect of spatial distance over cities' similarity.
We can suppose that Italian large cities act as gateway cities [11] : a gateway city is a city that plays the role of hub and central node for resources and capital circulation for the whole region where the city is located. Gateway cities host tertiary services such as banks, trading centers, headquarters of large companies that require a high degree of synchronization [28] . In our paper, we observed this behaviour for Italian large cities, that are more similar in rhythms to each other, despite the distance, than medium cities are to medium cities or small cities are to small cities. This is confirmed also by [29] , that describes North Italy as a complex interconnected area (city-region), where larger cities provide advanced services, such as financial trading centers, for the whole area and act as a gateway for information and commercial flows for the whole region. Interestingly, in our study the 20 cities showing the highest degree of activity timeseries' synchronization are all located in the North (15 out of 20) or in the Center (4 out of 20) of Italy, with the exception of Palermo. Again, our results indicate that highly synchronized cities play a relevant economic role (these cities have higher levels of average yearly income per tax payer) and are more attractive for foreign-born people (i.e. immigrants, tourists, etc.).
As shown in [28] , cities follow a common development trajectory and after the population reaches a certain threshold (1.2 million people for the US case analyzed in [28] ), the economical development path moves from primary industries (e.g., agriculture, mining, etc.) to tertiary industries such as banks and services. These kind of industries require a higher level of synchronization, such as the case of brokers trading stocks, or large industries that have headquarters spread all over Italy and the world, thus reducing the influence of distance over cities' similarity.
Differently for small cities, distance has a larger role in determining the communication synchronization and the similarity, since economy is more bounded to local productions and smaller industries. In the case of medium cities, as shown in [28] , the cities are ongoing an industry transformation from primary to tertiary, hence the contribution of the distance over similarity is less than for the case of small cities but still bigger than the one for large cities.
These findings support also the theory exposed in [30] , where, by using a scaling model and analyzing social and economical factors, such as GDP, wages, number of crimes, it is shown that large cities have a temporal self-similarity, in terms of higher and faster patterns of social interaction, walking speed of pedestrians, number of employed in research and development. It is also shown that smaller cities, when growing, follow a common social dynamic as the larger ones: when a city increases in population, it tends to accelerate its rhythms and have faster behaviours and technical innovations rates. This is confirmed by our observations, showing a scaling and division of cities based on city's size: large cities are more similar in rhythms to large cities, despite the distance, than medium cities are to medium cities, and medium cities are more similar to medium cities than small cities are to small cities.
However, our work has several limitations: for example, while we could hypothesize that the high synchronization of some cities (e.g. Trieste, Genoa, Ancona) is due to their importance for maritime trade routes, this result can not be validated by checking per-city correlations between the variance-weighted average of the DTW distances and the amount of traded goods (or similar indicators about commercial trades). Indeed, to the best of our knowledge, there is no available dataset that provides information about commercial trades at city-level granularity. Furthermore, even if our method could be applied for any city for which the CDR data is available, for our study we did not have access to any CDR data, for the same time period, for other world cities. Thus, we can not investigate the gateway role played by Italian cities worldwide.
Conclusion
In this paper, we have investigated Italian cities' communication synchronization and the influence of spatial distance over this communication synchronization by analyzing the CDR data of 76 Italian cities of different sizes. We found that larger cities tend to be more similar to each other than medium cities when considering only similarity between call patterns. We found also that similarity decreases when spatial distance between cities increases. The drift due to distance over similarity is less strong in large cities, that are gateway nodes for the Italian economical system, hence they have an emerging strongly connected and synchronized network, than for medium and small cities, that are more
